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Coffee is the most valuable agricultural product in international trade. It is projected to face a decrease in 
production by as much as 50% by 2050, mainly due to rising temperature, changes in rainfall patterns, 
deforestation, and the spread of fungal pathogens and pests. Among the biological threats to coffee, the 
Coffee Leaf Rust (CLR) has the most destructive economic impact all around the world. The most recent 
widespread outbreak resulted in 16% harvest loss in Central America and 31% loss in Colombia during the 
2012-2013 season, and a record of 50% loss was reported in Costa Rica during 2013-2014. The warm 
episode of El Niño Southern Oscillations (ENSO) cycle in 2007-08 was a major contributor to the CLR 
outbreak during 2008-11 and a higher frequency of warm episodes is expected with the current trend of 
greenhouse warming. In fact, climate change is expected to affect 25 million coffee growers, mainly 
smallholders in 70 countries around the world. One of the channels through which climate change is 
expected to exacerbate declines in coffee production is by creating temperature and humidity conditions 
that are ideal for CLR outbreaks on higher altitudes. One ecosystem-based climate adaptation strategy that 
is recommended for coffee farmers is intercropping coffee shrubs with shade trees, but it has remained 
controversial because of the nonlinear effects of shade on CLR and coffee yields and profits. Shade trees 
provide disease regulation and other ecosystem services, but they compete with coffee shrubs for soil water, 
soil nutrition and sunlight. Also, a price premium may be awarded to coffee growers whose production 
practices align with shade-grown certification programs. We propose a bioeconomic model that integrates 
an ecological model capturing the effect of shading trees on the CLR temperature and humidity-dependent 
infestation dynamics, crop growth, and timber production, with a farmer profit-maximization model of 
optimal shading selection in the presence of CLR infestation. Using agronomic, economic, and climatic 
data from the Coffee Triangle region in Colombia, our simulations indicate that the farm  net present values 
(NPV) over 25 years are higher in a shade-grown coffee (SGC) system than a sun-grown coffee system at 
the presence of CLR. The optimal shade cover is 26% under the baseline scenario. The value of disease 
regulation provided by shade trees is $22,440 in present value terms for a half-hectare, over 25 years, or a 
12% improvement relative to the sun-grown system. In the presence of 8% and 16% price premiums the 
vii 
 
NPVs increase by 23% and 35, but the optimal shade level remains at 26%. Under the scenario of expected 
doubling of El Niño cycle duration and no price premium, the optimal shade level decreases by 1 percentage 
point. Notably, shade-grown NPV falls below sun-grown system under the climate change scenario 
indicating that farmers might not find it economically feasible to transition from sun-grown to shade-grown 
coffee if El Niño cycle durations double unless they are paid large price premiums. 
Keywords: Bioeconomic Models, Cellular Automata, Colombia, Disease Control, Coffee Leaf Rust 





Coffee is the most valuable agricultural product in international trade (Arneson, 2000) and 
it is projected to face a decrease in production by as much as 50% by 2050, mainly due to rising 
temperature and changes in rainfall patterns (Bejan et al., 2018; Bunn et al., 2015). Also, it is 
projected that 60% of all wild coffee species will be under the threat of extinction by 2085 due to 
deforestation, climate change and the spread of fungal pathogens and diseases (Moat et al., 2019) 
such as the Coffee Leaf Rust (La Roya) and the Coffee Berry Borer. In fact, the Coffee Leaf Rust 
(CLR) has the most destructive economic impact all around the world (Arneson, 2000). The most 
recent widespread outbreak resulted in 16% harvest loss in Central America (Avelino et al., 2015) 
with a record of %50 loss in Costa Rica (Cressey, 2013) and up to %31 in Colombia during the 
2012 – 2013 season (Cristancho et al., 2012). The Lack of financial resources and access to credit 
under low and uncertain coffee prices prohibits small-scale coffee producers from employing 
costly disease management strategies, making them the most vulnerable stakeholder in the coffee 
value chain (Albers et al., 2020; Chaves & Riley, 2001; Rueda & Lambin, 2013; Ubertino et al., 
2016). In addition, climate change is expected to affect 25 million coffee growers, mainly 
smallholders in 70 countries around the world (Bejan et al., 2018). One of the channels through 
which climate change is expected to exacerbate declines in coffee production is by creating 
temperature and humidity conditions that are ideal for CLR outbreaks. The warm episode of El 
Niño Southern Oscillations (ENSO) cycle in 2007-08 was a major contributor to the CLR outbreak 
during 2008-11 (Avelino et al., 2015) and a higher frequency of warm episodes is expected with 
the current trend of greenhouse warming (Cai et al., 2014). 
Enhancing the provision of ecosystem services through “climate-smart” agricultural 
practices can reduce the risk of coffee production under climatic changes in tropical areas. A 
promoted ecosystem-based adaptation strategy is intercropping shade trees with coffee shrubs 
(Federación Nacional de Cafeteros de Colombia, 2014; J. Jaramillo et al., 2011; Lin, 2009; Vignola 
et al., 2015). On average 40% coffee farms are under shade in Colombia (Ospina, 2017). . The 




Table 1. Maximum shade level in different municipalities and altitudes (Navarro-Pérez, 2015) 
Municipality Altitude (masl) Maximum Shade level 
El Cairo, Argelia, Versalles, El Dovio, La Unión, Bolívar, Roldanillo 1000-1700  36.5% 
Concordia (parte), Salgar (parte) 1200-2000 
39.6% 
Betania (parte sur), Andes (Occ) 1250-1850 
Marmanto, Supía, Riosucio, Quinchía, Guática, Mistrató (Or), Anserma 
(Nr), Belén de Umbría (Nr) 
1000-1950 
Anserma (Sr), Belén de Umbría (Sr), Risaralda, Apía (parte), Viterbo, 
Belalcázar, La Virginia 
1200-1900 
Trujillo, Riofrío 1300-1800 
Helinonia, Armenia, Angelópolis, Titiribí 1200-1900 
43.0% 
Retiro, La Ceja, La Unión, Montebello, Santa Bárbara, Abejorral, 
Sonsón (Occ), Aguadas, Pácora, Salamina, La Merced, Aranzazu, 
Filadelfia (parte) 
1300-2000 
Pereira (parte), Ulloa, Alcalá 1200-1700 
Finlandia, Circasia, Quimbaya, Montenegro, Armenia (parte), Calarcá 
(parte), La Tebaida, Córdoba (parte), Buenavista (parte) 
1200-1650 
Calarcá (parte), Buenavista (parte), Córdoba (parte), Pijao, Caicedonia 
(parte), Génova, Sevilla (Cumbarco) 
1200-1900 
Sevilla (parte), Caicedonia (parte) 1200-1900 
Bugalagrande, Andalucía, Tuluá, San Pedro, Buga 1400-1900 
Cisneros (parte), Santo Domingo, San Roque, Caracolí, Concepción, 
Alejandría, San Rafael, San Vicente, Guatapé, El Peñol, Puerto Nare 
(La Magdalena), San Carlos y Marinilla 
1000-2000 
36.2% 
Líbano (parte), Lérida 1000-1800 
Líbano (parte), Venadillo, Santa Isabel, Anzoátegui, Alvarado (parte) 1200-1800 
Alvarado (parte), Ibagué, Cajamarca, Rovira, Valle de San Juan, San 
Luis, Roncesvalles, Ortega, San Antonio 
1000-1800 
San José de Isnos (La Laguna) 1200-1800 
La Palma (parte), El Peñón (parte), La Peña, Pacho (parte), Vergara 
(parte), Nimaima, Quebradanegra, Nocaima, Guaduas, Villeta (parte), 
La Vega (parte), Chaguaní (parte), Sasaima (parte), Vianí, Bituima 
(parte), San Juan de Rioseco (parte) 
1400-1800 
43.1% Guabayal de Síquima, Bituima (parte), Anolaima, Zipacón, Quipile 
(parte), Cachipay, Tena, La Mesa, San Antonio de Tena, El Colegio, 
Anapoima, Viotá, Tocaima (parte), Nilo (Pueblo Nuevo) 
1300-1800 
Algeciras (La Arcadia), Gigante, Garzón, Altamira, Guadalupe, Timaná 1300-1800 
Elías, Suaza, San Agustín, Pitalito, Acevedo, Palestina, San Adolfo 1100-1700 
Santa Marta (parte), Riohacha (parte) 500-1300 42.0% 
 
Shade trees can provide disease control services by decreasing the temperature of the 
canopy by 4 to 5 °C (Beer et al., 1998; A. Jaramillo, 2005). Such temperature reductions can be 
useful to control CLR as any deviation from the fungus’s optimum temperature for infection (22-
23 °C) slows down the disease progress (Arroyo-Esquivel et al., 2019; Bebber et al., 2016; Cerda 
et al., 2017; Toniutti et al., 2017). Second, shade trees increase coffee yield within an optimal 
range through increased soil fertility and water availability (Beer et al., 1998; Soto-Pinto et al., 
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2000). Shade trees improve soil fertility by recycling inaccessible nutrients and increasing the soil 
organic matter from leaf litter (Beer, 1987; Siebert, 2002). Third, timber from shade tree harvest 
provide additional market-based ecosystem service. Finally, a price premium may be awarded to 
coffee growers who adopt production practices specified by shade-grown certification programs 
(Barham & Weber, 2012; Ferraro et al., 2005; Kitti et al., 2009; Rueda & Lambin, 2013). Price 
premiums vary substantially annually, regionally and depending on the certifying agency. For 
instance, these premiums are 7% in Peru (Barham & Weber, 2012) and 20% in Ethiopia (Takahashi 
& Todo, 2013). In Colombia, the premiums that were set to be paid to shade-grown coffee farmers 
in 2002 and 2013 were 40% and 2%, respectively. However, the net price premium received by 
farmers is reported to be around 1% in Colombia (Rueda & Lambin, 2013). 
 
Figure 1. Neutral, El Niño and La Niña conditions in the equatorial Pacific1 
On the other hand, shade-grown coffee systems reduce output due to lower coffee planting 
densities. They also decrease per-shrub yields beyond an optimum shade threshold due to 
competition for sunlight, water, and nutrients (Siebert, 2002; Soto-Pinto et al., 2000). In addition, 
 
 
1 The illustrations show how the coupled ocean-atmosphere system typically behaves during each event.  Image from 
the Australian Bureau of Meteorology. 
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lower temperatures and reduced sunlight exposure maintain available moisture on leaves, which 
increases infection risk (Bebber et al., 2016; Toniutti et al., 2017). Finally, shade-grown systems 
involve additional costs related to planting and maintaining shade trees (Batz et al., 2005; Kitti et 
al., 2009). 
CLR infection is extremely dependent on climatic variations. In fact, the warm episode of 
El Niño-Southern Oscillation (ENSO) cycle in 2007-08 was a major contributor to the CLR 
outbreak during 2008-11 (Avelino et al., 2015). The ENSO patterns are generated by the 
interaction between the tropical Pacific Ocean and the atmosphere, which influences climate 
patterns worldwide (Bastianin et al., 2018). Because of its location on the equatorial Pacific, 
Colombia is especially vulnerable to ENSO anomalies and its top-quality Arabica coffee 
production depends on ENSO cycles. During El Niño cycles, which are the warm phases of ENSO, 
warmer oceanic water increases temperature on the ocean surface by 1-3 degrees, which results in 
flash rainfalls and persistent drought seasons in Colombia, while the colder-than-normal ocean 
waters in eastern Pacific result in cooler surface temperature and higher humidity during the cool 
phases of ENSO, called La Niña (Gobb & Acosta, 2016; IRI – International Research Institute for 
Climate and Society | ENSO Essentials, 2021). The climate change literature suggests more 
frequent warmer and drier episodes of ENSO cycles with stronger impact on regional climate. For 
Central America and northern South America, (Collins, 2005)) examined the effect of climate 
change responses onto a model of ENSO pattern variability and concluded that the mean change 
of future patterns is likely to be El Niño-like condition where the climate trend in the equatorial 
tropical Pacific resembles present day El Niño event at the ocean surface and in the atmosphere. 
(Cai et al., 2014) asserted that the future occurrences of El Niño on global scale will be doubled 
by the current trend of greenhouse warming. Also, (Gay et al., 2006) and (Benavides Ballesteros 
& León Aristizabal, 2007) projected that temperature rise up to 2°𝐶  by 2050 in Mexico and 
Colombia, respectively.   
Neutral   El Niño  La Niña        
Year\Month Jan Feb Mar Apr May Jun Jul Aug Sep Oct Nov Dec 
1995             
1996             
1997             
1998             
1999             
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2000             
2001             
2002             
2003             
2004             
2005             
2006             
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2008             
2009             
2010             
2011             
2012             
2013             
2014             
2015             
2016             
2017             
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2019             
Figure 2. A twenty-five-year forecast of ENSO cycles (Cai, et, al., 2014) 
Climate variability and frequent droughts directly impact coffee productivity around the 
world. The long lasting La Niña cycle caused more than US $7.8 billion losses to Colombian coffee 
production during 2010-11 (Hoyos et al., 2013), while El Niño resulted in 10% drop in coffee 
production in 1997-98 (Poveda et al., 2011). Imbach et al., (2018), expects a 73-88% yield loss in 
Latin America by 2050 while Baca et al (2014) reported 28-40% reduction in Mesoamerica 
(Mexico, Nicaragua, El Salvador, and Guatemala). However, Schiffman (2019) pointed out that 
whether ENSO outcomes are detrimental to coffee production is location-specific. For instance, 
Alves et al (2011) concluded that southern brazil experiences more yield loss as the region 
becomes more favorable to coffee rust due to climate change compared to northern region. 
Regarding Colombia, Ceballos-Sierra & Dall’Erba (2021) modeled the impact of three climate 
change scenarios on coffee production and concluded that improved productivity on higher 






Figure 3. Impact of climate change on coffee productivity2 
 In this paper, we intend to identify the optimal shading level selection for a typical 
smallholder coffee farmer in Colombia, given current and future ENSO anomalies and their effects 
on CLR infections. We model the joint impact of multiple shade-included ecosystem services, 
including those that have a complementary and competitive (Zhang et al., 2007) relation with 
coffee yields under climatic scenarios over a 25-year period. We use established relationships 
between shade levels, temperature, humidity, and risk of CLR infections (Bebber et al., 2016) to 
model the provision of disease regulation under shade-grown coffee systems. Using empirical 
results on the concave relationship between shade cover and coffee yields (Soto-Pinto et al., 2000), 
we model the crop growth ecosystem services while capturing the detrimental yield effects of 
 
 
2 Find more studies on the impact of climate change on coffee productivity in (Pham et al., 2019) study. 
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suboptimal shade cover. To capture the effect of climate scenarios, we include forecasted and 
historical trends of climatic variables (Bebber et al., 2016; Bejan et al., 2018) and link them to our 
model of CLR dynamics. Since our model captures the expected microclimatic dynamics of sun 
and shade grown systems on CLR infection, we consider maximum 2°𝐶 temperature increment 
(Benavides Ballesteros & León Aristizabal, 2007; van Oldenborgh et al., n.d.) and the double the 
length of drier periods (Cai et, al., 2014). Thus, we consider the climate induced coffee productivity 
reduction ranges reported in (Ceballos, 2021) which corresponds to similar temperature variation.    
Table 2. Impact of climate change on coffee productivity 
Climate change scenario 
Temperature increases 
0.7°𝐶 to 1.3°𝐶a 1.4 °𝐶 to 3.1°𝐶a 2.6°𝐶 to 4.6°𝐶a 
High altitude, Colombia +32% +2.3% +4.46% 
Low altitude, Colombia +24% -32.3% -16.2% 
Climate change scenario 
Temperature increases and precipitation decreases by  
2 𝑆𝑡𝐷𝑒𝑣b 2 4 mm/dayc 2.3 °𝐶 and 5%d 
Veracruz, Mexico -34%   
Latin America  73-88%  
Mesoamerica   28-40% 
a(Ceballos-Sierra & Dall’Erba, 2021) 
b(Gay et al., 2006) 
c(Imbach, 2018) 
d(Baca, 2014) 
Finally, our model accounts for the value of timber and possible shade-grown coffee price 
premiums received by farmers. We simulate incremental increases in shade cover to identify 
optimal ranges for which the economic and ecological gains of shade-grown systems outweigh the 
yield reduction and additional costs associated with shade- grown production systems. We conduct 
sensitivity analyses to key ecological, economic, and management parameters to test the 
robustness of results. 
The CLR life cycle 
CLR Infection initially appears as small light-yellow spots on the upper side of leaves and 
as the diameter of these spots grows, units of uredospore are formed on the undersurface (Arneson, 
2000). Coffee rust causes yellowish lesions on the underside of living leaves which decreases 
photosynthesis and under heavy attack defoliation, dieback and heavy loss for farmers can be 
expected (Toniutti et al., 2017). Disease considered at moderate stage two weeks after initial 
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inoculation and begins the high-infected level after 26 days under full sun exposure (Toniutti et 
al., 2017). A sun-exposed coffee farm on average reaches to maximum infection six month after 
first coffee shrub becomes infected under no disease management provision (Pelli, n.d.; Torres 
Castillo et al., 2020). The CLR fungi survives primarily on living tissues of coffee leaves, and 
since infected leaves drop prematurely, a large amount of potential inoculum depletes from the 
epidemic cycle. However, a few infected leaves survive and form viable inoculum at the start of 
next season (Arneson, 2000; Jackson, 2017; Pelli, n.d.; Talhinhas et al., 2017; Torres Castillo et 
al., 2020). 
Modeling ecosystem service provision  
Ecological production functions (EPFs) link ecosystem structure and processes to 
ecosystem goods and services (Bruins et al., 2017); NRC 2004; Daily and Matson 2008; Tallis and 
Polasky 2009). The dynamic aspect of EPFs renders them useful for decision makers. EPFs allow 
integrated ecological-economic modeling to link the biophysical effects of changes in ecosystem 
services with changes in price and quantities of final product, which makes the EPF approach 
preferable to survey-based methods of non-market valuation wherever ecological linkages are well 
understood (Barbier 2007). 
In this paper, we contribute to the ecosystem service economics literature that simulates 
the spatially explicit, simultaneous provision of multiple ecosystem services and link the effect of 
changes in these services to changes in the yield and price of the marketed output (Atallah et al. 
2017, Daily and Matson., 2008; Barbier, 2007). We model the spatial effects of shade around a 
coffee shrub on temperature, humidity, disease dynamics and coffee yields of that shrub and its 
neighboring shrubs using cellular automata and individual plant-based models. As a result, the 
ecological production function is generated from the plant-level spatiotemporal dynamics rather 
than being specified at the population or ecosystem level. Such specification is consistent with 
studies on modeling ecosystem services that are affected by land management decisions such as 
converting a coffee farm from sun-grown to shade-grown (Railsback and Johnson, 2014, Brosi et 
al., 2008 and Keitt, 2009). Modeling disease regulation and crop growth provisions of shade trees 
require modeling disease dynamics, accounting for the effect of the spatial distribution of host and 
non-host plants on disease dispersal (Avelino et al., 2011), and capturing the effect of shade on 
per-shrub -yields at the coffee shrub level (Appendix C). Thus, the infection probability of a coffee 
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shrub should be modeled as a function of the type (i.e., shaded or unshaded) and the dynamic 
health state (i.e. Healthy, low, or moderate, or high-infected) of neighboring plants. The cellular 
automata and multi-agent simulation models have emerged as prominent spatially explicit 
approaches to capturing complex bottom-up physical, biological, and economical dynamics such 
as disease dynamics (An, 2012; Atallah et al., 2015; Grimm et al., 2005; Malaina, 2015). A discrete 
space and time framework is the back-bone of cellular automata models where each cell is assigned 
a binary status initially (e.g., healthy/infested or shaded/unshaded) (Atallah et al., 2018; Godoy et 
al., 2017; McDowell & Popa, 2009). Cellular automata models are considered a special case of 
individual-based models, which accommodate more than two states. The state of each cell at time 
t depends on its state and neighboring cells at time t-1 which follows a set of mathematical state 
transition rules (Farmer & Foley, 2009; Gimblett, 2002). 
First, we define the computational bioeconomic model. Then, we use simulation 
experiments to calculate farm net present values (NPVs) at increasing levels of shade cover and 
three levels of shade coffee price premiums. Subsequently, we solve for the optimal shade levels 
and identify the range of shade for which the NPVs of shade-grown systems are greater than the 
NPVs of sun-grown systems in the presence of a CLR infection. Finally, we conduct sensitivity 
analyses on key ecological and economic parameters. 
The bioeconomic model of shade selection 
We develop a model to capture the disease regulation services of shade, impact of shade 
tree on coffee yield, and the production of timber in a shade-grown system. We based the spatial 
structure of the model on the coffee berry borer model in Atallah et al. (2017) where the farm is 
represented by a two-dimensional grid 𝐺, which is a set of 𝑖 × 𝑗 cells where 𝑖 and 𝑗 represent the 
rank of rows and columns, respectively. Each cell represents a sun-exposed coffee shrub in sun-
grown system. In a shade-grown system, each cell can be either shaded or sun-grown. In the shade-
grown system simulation, the farm is laid out with 𝑖 =  30 cells per grid row and 𝑗 =  30 cells 
per grid column, representing a half-hectare coffee farm with 900 coffee shrubs. In the simulated 
sun-grown system, the farm is represented by 𝑖 =  55 cells per grid row and 𝑗 =  55 cells per grid 
column, representing a half-hectare coffee farm with 3025 coffee shrubs (Duque & Baker, 2003). 
Each cell (𝑖, 𝑗) has a tree type state 𝜏𝑖,𝑗, an infection state 𝑠𝑖,𝑗,𝑡, and an age state 𝑎𝑖,𝑗,𝑡. If a cell holds 
an unshaded coffee shrub, 𝜏𝑖,𝑗  holds 1 and zero if the cell holds a shaded coffee shrub. The 
10 
 
infection state vector of a coffee shrub, vector 𝑃, holds 1 for the state that describes coffee shrub's 
infection state and zeros for the remaining states. 
A coffee shrub can be healthy or infested at a low (1–30%), moderate (30–80%), or high 
(>80%) level. The three infection levels refer to the percentage of leaves on each shrub that are 
infested with CLR (CIRAD, 2018; Cristancho et al., 2012; Southern IPM Center, 2001). The age 
state vector holds 1 for a shrub’s age in days and zero for the other ages. In our model, time 𝑡 
progresses in discrete daily steps up to 9125 days to represent a time-horizon of 25 years. The 
revenue from a cell 𝑟(𝜏𝑖,𝑗, 𝑠𝑖,𝑗,𝑡, 𝑎𝑖,𝑗,𝑡)  depends on the type of tree occupying the cell (𝜏𝑖,𝑗) , 
infection state (𝑠𝑖,𝑗,𝑡), and age (𝑎𝑖,𝑗,𝑡). Coffee yield is a function of shading level, climate induced 
yield reduction (𝜗), and infection intensity (?̃?𝑠𝑖,𝑗,𝑡). Coffee yield is equal to the yield of sun-grown 
coffee system 𝑦𝑠𝑢𝑛 if a shrub is unshaded, under no climate change scenario, multiplied by the 
infection induced yield reduction values. If a shrub is shaded, yield (𝑦𝑠ℎ𝑎𝑑𝑒𝑑) initially increases 
beyond 𝑦𝑠𝑢𝑛  in response to greater soil fertility and water availability (𝛽1 > 0 𝑖𝑛 𝐸𝑞. (1𝑎)) 
derived from the amount of shade in the immediate neighborhood3. Additional shade decreases 
yield, beyond a threshold, due to competition for sunlight (𝛽2 < 0 𝑖𝑛 𝐸𝑞. (1𝑎)) (Soto-Pinto et al., 
2000). According to 𝐸𝑞. (1𝑏), infection reduces yield by 5%, 15%, and 30% when CLR infection 
is low (1–30%), moderate (30-80%), and high (>80%), respectively (Table 1) (CIRAD, 2018; 
Cristancho et al., 2012; Southern IPM Center, 2001).  
𝑦𝑐𝑜𝑓𝑓𝑒𝑒 = [(𝜗 × 𝑦𝑠𝑢𝑛) + 𝛽1𝑠ℎ𝑎𝑑𝑒 + 𝛽2𝑠ℎ𝑎𝑑𝑒
2] × (1 − ?̃?𝑠𝑖,𝑗,𝑡)   (1𝑎) 
Where, climate induced coffee productivity (𝜗) varies between 2.3% and 32.2% on high- 
and low-altitude regions respectively (Ceballos-Sierra & Dall’Erba, 2021). Coffee revenue, 
𝑟𝑠,𝑖,𝑗,𝑡
𝑐𝑜𝑓𝑓𝑒𝑒
, is computed as the product of price (𝑝𝐻𝑒𝑎𝑙𝑡ℎ𝑦,𝑖,𝑗,𝑡), yield(𝑦𝐻𝑒𝑎𝑙𝑡ℎ𝑦,𝑖,𝑗,𝑡), and disease-
related yield reduction (?̃?𝑠𝑖,𝑗,𝑡). 
 
 
3 The amount of shade in a coffee shrub’s neighborhood depends on the canopy cover at the coffee shrub level (Soto-Pinto et al., 2000). We assume 
that a cell that has a shade tree is completely covered by shade, and it covers 30% of the neighboring cells (Figure 2). The coefficient of 30% is tree 
species-specific and varies over different pruning practices. We use 1800 shrubs/ha and 6050 shrubs/ha for shade-grown and sun-grown systems, 
respectively. These densities3 follow the reported values in (Duque & Baker, 2003) and replicate the relation between shade tree density and shade 





= 𝑃𝐻𝑒𝑎𝑙𝑡ℎ𝑦,𝑖,𝑗,𝑡𝑦𝐻𝑒𝑎𝑙𝑡ℎ𝑦,𝑖,𝑗,𝑡 (1 − ?̃?𝑠𝑖,𝑗,𝑡)   (1𝑏) 
The timber revenue is a function of the age state only (𝐸𝑞. (1𝑐)). This parameter is equal 
to the product of the merchantable timber yield (𝑦𝑡𝑖𝑚𝑏𝑒𝑟) and price (𝑝𝑡𝑖𝑚𝑏𝑒𝑟). We assume that the 
farmer harvests timber at 𝑡 = 𝑇.  
𝑟𝑠𝑖,𝑗,𝑡
𝑡𝑖𝑚𝑏𝑒𝑟 = {
0                     𝑖𝑓 𝑎𝑖,𝑗,𝑡 < 𝜏𝑚𝑎𝑥
𝑝𝑡𝑖𝑚𝑏𝑒𝑟 × 𝑦𝑡𝑖𝑚𝑏𝑒𝑟   𝑖𝑓 𝜏𝑚𝑎𝑥  ≤  𝑎𝑖,𝑗,𝑡  ≤ 𝑇 
   (1𝑐) 
Given each coffee shrub's state 𝑠𝑖,𝑗,𝑡, and an infection state transition matrix 𝑃, expected 
infection state 𝐸(𝑠𝑖,𝑗,𝑡+1) at time 𝑡 + 1 is computed according to the following infection-state 
transition equation: 
𝐸(𝑠𝑖,𝑗,𝑡+1) = 𝑃
𝑇𝑠𝑖,𝑗,𝑡   (1𝑑) 
where 𝐸 is the expectation operator and 𝑃𝑇 is the transpose of matrix 𝑃. The 𝐸(𝑠𝑖,𝑗,𝑡+1) is 
a vector with probability of staying in the current infection state, probability of transitioning to the 
next state, and zeroes elsewhere. 
Table 3. Yield reduction 
Infection state (𝑠𝑖,𝑗,𝑡) Leaf infection level (%) Yield reduction (?̃?𝑠𝑖𝑗𝑡 , %)
a 
Healthy, 𝑠𝑖,𝑗,𝑡= H <1 0 
Infested low, 𝑠𝑖,𝑗,𝑡 = 𝐼𝐿 1-30 5 
Infested moderate, 𝑠𝑖,𝑗,𝑡 = 𝐼𝑀 30-80 15 
Infested high, 𝑠𝑖,𝑗,𝑡 = 𝐼𝐻 >80 30 
a CIRAD, 2018; Cristancho et al., 2012; Southern IPM Center, 2001 
The infection state transition probability matrix P represents the plant-level CLR dispersal. 
Coffee shrubs in state Healthy (𝐻) are susceptible to CLR infection. CLR attacks a Healthy coffee 
shrub with a neighborhood-dependent conditional probability 𝑙. Infection starts at the low level. 
The transition from state Infested-low to state Infested-moderate happens with a conditional 
probability 𝑚. Similarly, a transition from state Infested-moderate to state Infested-high happens 
with a conditional probability ℎ.  
𝑃 = (
1 − 𝑙 𝑙 0 0
0 1 − 𝑚 𝑚 0
0 0 1 − ℎ ℎ
0 0 0 1
)   (3) 
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In 𝐸𝑞. (3), 𝑙 is the Healthy to Infested-low transition probability conditional on previous 
own and neighborhood infection and tree type states. It can be expressed as 
𝑙 = Pr(𝑠𝑖,𝑗,𝑡+1 = 𝐼𝑙𝑜𝑤|𝑠𝑖,𝑗,𝑡 = 𝐻) = 𝐹𝑡(𝜁)   (4) 
In 𝐸𝑞. (4), infection (𝐹𝑡(𝜁)) is a random process with probabilities changing over time 
(De Jong et al., 1987) which can be modelled using  survival analysis approaches (Therneau & 
Grambsch, 2000). Assuming 𝜁  is the transition time from a CLR spore becoming wet to 
appressorium4 formation with probability density 𝑓(𝜁) and cumulative probability 𝐹(𝜁) at 𝜁 time 
units after initiation of transition. The goal is to model 𝐹𝑡(𝜁), which can be construed as the share 
of spore population infecting the coffee shrub at time 𝑡. First, consider the CLR spores’ status is 
either being infectious (hazardous) or not.  
𝑆𝑡(𝜁) = 1 − 𝐹𝑡(𝜁)   (4𝑎) 
A survival function models the non-infectious spore population through Weibull 
distribution which allows the infection hazard to vary over time (Bebber et al., 2016).  
𝑆𝑡(𝜁) = 𝑒
−𝐻𝑡(𝜁)   (4𝑏) 
Where the 𝐻𝑡(𝜁) is the cumulative hazard function. The number of infectious spores was 
experimented under different temperature and time intervals (De Jong et al., 1987) and the 
parameters for Weibull distribution were estimated by non-linear least square optimization 









   (5) 








   (5𝑎) 
Where hazard function ℎ𝑡(𝜁)  is the instantaneous risk of transformation and 𝛼  scale 
parameter, and 𝛾  shape parameter5 . (Bebber, Castillo and Gurr 2016) found that the median 
 
 
4 A specialized cell capable of infecting the host plant (Kirkpatrick 1935)  




duration of canopy wetness (𝜁) ranges between 11 and 17 hours. Ehrenbergerová et al. (2018) 
experimented the effect of Inga Spp on coffee Arabica over three years. Their experiment on 
Peruvian amazon coffee farms showed that air humidity increases under shade. Thus, we multiply 
𝜁 by shade-induced humidity factor (𝜔).  








   (5𝑏) 
Where, 𝜔 is the percentage increase in humidity, and equals zero for unshaded shrubs. 
Moreover, the number of days with the required liquid water available for infection varies in a year 
according to the active episode of ENSO cycles. Therefore, we multiply (5𝑏) by a season-induced 
humidity factor (𝐷𝑤).  








   (5𝑐) 
Where 𝐷𝑤  is equal to 0.2, 0.35, 0.5 during the El Niño, neutral, and La Niña episodes, 
respectively. Also, the infection probability is affected by temperature; hence we multiply (5𝑐) by 











, 𝑖𝑓 𝜃𝑚𝑖𝑛 ≤ 𝜃𝑛𝑒𝑡 ≤ 𝜃𝑚𝑎𝑥
, 𝑂𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒
   (6) 
Where 𝜃𝑛𝑒𝑡  equals to the difference between the mean temperature 𝜃  (°C) during the 
wetness period and the shade-induced temperature reduction factor(𝑡𝑒𝑚𝑝𝑟𝑒𝑑). The parameters  
𝜃𝑚𝑖𝑛 ,𝜃𝑚𝑎𝑥 and 𝜃𝑜𝑝𝑡 represent the minimum, maximum, and optimum temperatures of infection, 
respectively, together composing pathogen’s cardinal temperatures. The function 𝑟(𝜃𝑛𝑒𝑡) captures 
the infection capability of CLR pathogen in response to temperature variation at the canopy level 
(𝜃𝑛𝑒𝑡).  Eq. (6) generates an exponential response at low temperatures, a positive linear response 
at intermediate temperatures, a parabolic-shaped response under optimal temperatures, and a 
negative response at high temperatures (Magarey et al., 2005). (Magarey et al., 2005). The 
temperature response function takes the pathogens’ cardinal temperatures and produces a value 





Figure 4. Infection capability as a function of canopy temperature. 
We incorporate the effect of infected neighbors in the CLR infection rate by adding a 
multiplying term, 𝑛𝑡, which is the number of infected coffee shrubs among the eight immediate 
neighbors of a coffee shrub in period 𝑡  (Fig. 2). This term accounts for the fact that two 
neighboring plants are expected to exchange pathogens (Vandermeer, Hajian-Forooshani and 
Perfecto 2018). 
𝐹𝑡(𝜁) = (1 − 𝑒
−𝑟(𝜃𝑛𝑒𝑡)𝐻𝑡(𝜁)) × 𝑛𝑡    (6𝑎) 
In each time step, a random variable 𝑥𝑡 determines whether a coffee shrub transitions from 
the Healthy state to the Infested-low state. A Healthy coffee shrub that has 𝑛𝑡 infested neighbors 
is infected by CLR at time 𝑡 + 1 if 𝑥𝑡 < 𝐹𝑡(𝜁), where 𝑥𝑡 is a random draw from 𝑈~(0,1). Note 
that we compare the random variable with the transition probability in each time step because the 
number of Infested neighbors 𝑛𝑡 changes over time because of the disease spread, thus changing 
the probability that a coffee shrub receives the infection in each time interval.  
𝑖 − 1, 𝑗 − 1 𝑖 − 1, 𝑗 𝑖 − 1, 𝑗 + 1 

























𝑖 + 1, 𝑗 − 1 𝑖 + 1, 𝑗 𝑖 + 1, 𝑗 + 1 
Figure 5. Neighborhood of a coffee plant (i, j). 
Changes in probability 𝑙 due to shade trees allow for an explicit modeling of the first 
channel through which disease regulation services are produced in a shade-grown coffee system, 
the second channel being modeled through shade-induced changes in probabilities 𝑚 and ℎ.  The 
transitioning probability of Infested-low 𝐼𝐿  to Infested-medium 𝐼𝑀  is given by the conditional 
probability 𝑚 and ℎ as follow: 
𝑚 = Pr(𝑠𝑖,𝑗,𝑡+1 = 𝐼𝑀|𝑠𝑖,𝑗,𝑡 = 𝐼𝐿)











                                                                      𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒  
   (7) 
 
This probability also depends on a coffee shrub's neighborhood state and temperature 
response function. Coffee shrubs that have a mature shade tree in their neighborhood reach the 
Infested-medium state with a greater waiting time (𝐿1
𝑛𝑜−𝑠ℎ𝑎𝑑𝑒 < 𝐿1
𝑠ℎ𝑎𝑑𝑒) than those who are not 
under shade (Toniutti et al., 2017). Period 𝐿1, the waiting time after a coffee shrub enters state 
Infested-low 𝐼𝐿  and before it transitions to state Infested-moderate 𝐼𝑀 , is a random variable, 
exponentially distributed with fixed rate parameter 
1
𝐿1







on whether the coffee shrub is unshaded or shaded, respectively. 
The Infested-medium 𝐼𝑀  to Infested-high 𝐼𝐻  state transition probability is given by a 




Table 4. Baseline CLR dispersal parameters 
Parameter Description Value Unit Sources 
𝜁 Median of wetness duration 11 - 17 ℎ𝑜𝑢𝑟 (Bebber et al., 2016) 
𝐷𝑤 season-induced humidity factor 0.2 – 0.5 𝐷𝑎𝑦 (Bebber et al., 2016) 
𝜔 shade-induced humidity factor 3.9±0.4 % (Ehrenbergerová et al., 2018) 
𝛼 Scale parameter 19.1  (Bebber et al., 2016) 
𝛾 Shape parameter 2.14  (Bebber et al., 2016) 
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𝜃 Temperature (Farm level) 13 - 30 
°C (Arroyo-Esquivel et al., 2019; Cerda 
et al., 2017; Toniutti et al., 2017) 
𝜃𝑜𝑝𝑡 Optimum infection spread temperature 22 
°C (Arroyo-Esquivel et al., 2019; Cerda 
et al., 2017; Toniutti et al., 2017) 
𝜃𝑚𝑎𝑥 Upper bound temperature extreme (infection = 0) 30 
°C (Arroyo-Esquivel et al., 2019; Cerda 
et al., 2017; Toniutti et al., 2017) 
𝜃𝑚𝑖𝑛 Lower bound temperature extreme (infection = 0) 13 
°C (Arroyo-Esquivel et al., 2019; Cerda 
et al., 2017; Toniutti et al., 2017) 
𝑡𝑒𝑚𝑝𝑟𝑒𝑑 Reduced temperature by shade (Leaf level) 2 - 4 
°C (A. Jaramillo, 2005; Kirkpatrick, 
1935) 
𝐿1
𝑛𝑜−𝑠ℎ𝑎𝑑𝑒 Average waiting time between 𝑙𝐿and 𝐼𝑀with no shade 15 𝐷𝑎𝑦 (Toniutti et al., 2017) 
𝐿1
𝑠ℎ𝑎𝑑𝑒 Average waiting time between 𝑙𝐿and 𝐼𝑀 under shade  26 𝐷𝑎𝑦 (Toniutti et al., 2017) 
𝐿2
𝑛𝑜−𝑠ℎ𝑎𝑑𝑒 Average waiting time between 𝑙𝑀and 𝐼𝐻 with no shade 27 𝐷𝑎𝑦 (Toniutti et al., 2017) 
𝐿2
𝑠ℎ𝑎𝑑𝑒 Average waiting time between 𝑙𝑀and 𝐼𝐻 with shade 43 𝐷𝑎𝑦 (Toniutti et al., 2017) 
 
Changes in probabilities 𝑚 and ℎ due to the presence of shade trees allow us to model the 
second channel of disease regulation. The temperature response function peaks around the 
optimum temperature of CLR infection and gradually converges to zero around the minimum and 
maximum temperatures for CLR infection. Thus, changes in probability 𝑙 (the first channel) is a 
function of the plant-level temperature. The second channel (changes in probabilities 𝑚 and ℎ) 
keeps infections at low levels (Toniutti et al., 2017). 
The objective of a risk-neutral coffee farmer is to maximize the farm's 𝐸𝑁𝑃𝑉 by choosing 
an optimal shading level. Each shading level is defined as the percentage of cells that have a shade 
tree over the total number of cells on the grid. Depending on the shading level simulated, a certain 
number of cells are selected at random and get their binary variable 𝑢𝑖,𝑗,0 = 1 if a shade tree is 
planted in cell (𝑖, 𝑗) and 0 otherwise at 𝑡 = 0. Once a shade tree is planted, it takes 𝜏𝑚𝑎𝑥 periods 
to reach maturity at which point it has an economic value and provides shade-induced ecosystem 
services to coffee shrubs in its neighborhood, crop growth, ecosystem services for all periods 
t=𝜏𝑚𝑎𝑥, … , 𝑇, and timber at 𝑡 = 𝑇. The optimal shading strategy 𝜅
∗ is a set of cell-level control 
variables {𝑢𝑖,𝑗,0} that maximizes 𝐸𝑁𝑃𝑉  over the time horizon 𝑇 . Letting 𝐸  be the expectation 
operator over the random cell-level revenues 𝑟(𝜏𝑖,𝑗 , 𝑠𝑖,𝑗,𝑡, 𝑎𝑖,𝑗,𝑡) and 𝜌
𝑡 the discount factor at time 
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𝑡 (in days) where 𝑡 ∈ {0, 1, 2, … , 9125}, the objective of a coffee farmer is to maximize the 𝑁𝑃𝑉 







− 𝑐𝑖𝑗𝑡 − 𝑢𝑖𝑗0(𝑐𝑢𝑖𝑗0 + 𝑐𝑢𝑖𝑗1)}   (8) 
Subjected to 
𝐸(𝑠𝑖𝑗,𝑡+1) = 𝑃
𝑇𝑠𝑖𝑗𝑡   (8𝑎) 
 
The first expression in 𝐸𝑞. (8) represents the revenue generated by a cell (𝑖, 𝑗), which 
depends on its tree shade status, infection, and age states at time 𝑡. This term accounts for both 
coffee and timber revenues. The second term is the unit cost of coffee production 𝑐𝑖𝑗𝑡. The third 
term is the shade tree-related costs. This term accounts for the cost of shade tree plantation, 𝑐𝑢𝑖𝑗0; 
and for the cost of maintaining a shade tree through fertilization and pruning, 𝑐𝑢𝑖𝑗𝑡 . We assume 
that shade trees provide shade as of 𝑡 = 0.   
Table 5. Sun-grown and shade-grown coffee production parameters 
Parameter Description Value Unit Sources 
?̃?𝑠𝑖,𝑗,𝑡 Coffee yield reduction Table (2)  (Toniutti et al., 2017) 
𝛽1 Shade-yield parameter 0.0248  (Gao, n.d.) 
𝛽2 Shade-yield parameter -0.0259  (Gao, n.d.) 
𝑦𝑠𝑢𝑛 Sun-grown coffee yield 0.82 𝐾𝑔/𝑡𝑟𝑒𝑒/𝑦𝑒𝑎𝑟  (Conlon et al., n.d.) 
𝑦𝑡𝑖𝑚𝑏𝑒𝑟  Merchantable yield 0.005 𝑐𝑢𝑏𝑖𝑐 𝑖𝑛𝑐ℎ𝑒𝑠/𝑡𝑟𝑒𝑒/𝑦𝑒𝑎𝑟  (Atallah et al., 2018) 
𝑐𝑖𝑗𝑡 Coffee production cost 1.28  $/𝑡𝑟𝑒𝑒/𝑦𝑒𝑎𝑟  (Chamorro et al., 1994) 
𝑐𝑢𝑖𝑗0 Tree plantation cost 0.12 $/𝑡𝑟𝑒𝑒  (Chamorro et al., 1994) 
𝑐𝑢𝑖𝑗𝑡 Tree maintenance cost  0.07 $/𝑡𝑟𝑒𝑒/𝑦𝑒𝑎𝑟  (Batz et al., 2005) 
𝑝𝐶𝑜𝑓𝑓𝑒𝑒  Coffee price  1.8 $/𝑘𝑔  (Conlon et al., n.d.) 
𝑝𝑡𝑖𝑚𝑏𝑒𝑟 Timber price  537 $/𝑐𝑢𝑏𝑖𝑐 𝑖𝑛𝑐ℎ𝑒𝑠  (Batz et al., 2005) 
𝜌 Discount factor 10% 𝑦𝑒𝑎𝑟−1  (Batz et al., 2005) 











All coffee shrubs are initialized as healthy and unshaded. For each shade level modeled, 
the relevant percentage of unshaded cells are randomly chosen among all grid cells from a uniform 
spatial distribution 𝑈(0, 𝑖 × 𝑗)  to transition to the state shaded at model startup (𝑡 = 0) 
(Somarriba, 1992). Coffee shrubs are assumed to bear fruit from the 4th year(𝐸𝑞. (1𝑏)). The 
beginning of each simulation run represents the start of a calendar year. One cell is randomly 
chosen from a uniform spatial distribution 𝑈(0, 𝑖 × 𝑗) to transition from Healthy to Infested-low. 
The infection process continuously proceeds across simulated years since dried out CLR will 
survive in the ground or on infested leaves to initiate another infection cycle during the following 
rainy season (Arnesson, 2000). 
Model Parameterization 
We choose values from ranges reported in the literature (Table 2) and consider minimum 
and maximum values in the sensitivity analyses. We choose a daily time step to be consistent with 
the linearly interpolated time units of CLR dispersal parameters (Bebber, 2016). Sun-grown and 
shade-grown production parameters are presented in Table 3. To include the effect of ENSO cycles 
we compiled data on the daily schedule of temperature(𝜃), season-induced humidity factor(𝐷𝑊), 
and median of wetness duration(𝜁). For the daily temperature, we used two local weather stations’ 
time series datasets on the average daily temperature of the Jose Maria Cordova and Perales to 
represent coffee regions in Antioquia and Tolima departments. The Caldas, Quindio and Risalda7  
departments are historically well-known as top coffee producing departments in the Colombia 
Coffee Region, hence lower labor cost and climate change has shifted coffee production to other 
regions, such as Huila, Antioquia and Tolima which accounted for %46.8 of Colombia’s total 
coffee production in 2017 (Rau, 2018). The coffee regions of Antioquia are located on high 
altitudes (>1500 masl) with annual average temperature of 16.7 °𝐶 and standard deviation of 1°𝐶, 
while Tolima coffee regions are located on lower elevation areas (<1500 masl) with mean annual 
temperature of 25.1°𝐶 and standard deviation of 1.8°𝐶. Antioquia is a more humid department 
 
 
7 Accounted for %17.5 of total coffee production in 2017 (Rau, 2018). 
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compared to Tolima given that the average annual precipitations are 5.8 and 4.9 𝑚𝑚/𝑑𝑎𝑦 
respectively. 
Table 6. The annual mean temperature and precipitation of Antioquia and Tolima during 1995-2019  
 Temperature (°𝐶) Precipitation (𝑚𝑚/𝑑𝑎𝑦) 
Mean StDev Min Max Mean StDev Min Max 
Antioquia8 16.74 1.00 12.4 24.2 5.78 15.33 0 491 
Tolima9 25.12 1.83 18.4 32.6 4.89 10.76 0 125 
 
The shading trees have positive impact through temperature channel by lowering the 
canopy temperature. However, simultaneous effect of humidity induced channel of shading trees 
and longer dry periods remain unclear, in the absence of our study in Colombia for the period of 
1995-2019 (Table 4). We used the monthly average to fill in the missing daily temperature 
observations. We initially categorized each month during 1995-2019 into El Niño, Neutral, and La 
Niña cycles according to (Cai et al. (2014) (Appendix A). The El Niño/ La Niña cycle represents 
a warmer/ cooler and drier/ wetter condition compared to Neutral cycle. Thus, we assigned 
minimum, mean, and maximum values of the humidity factor 𝐷𝑤 and wetness duration 𝜁 to El 
Niño, Neutral, and La Niña respectively using data from Bebber et al. (2016). For the climate 
change scenario, we double the length of El Niño cycles (Cai et al., 2014). For instance, the first 
El Niño cycle starts from January to June 1995. In the climate change scenario, this cycle will 
begin from January and lasts through December 1995. Consequently, the model will consider 
minimum values of 𝐷𝑤 and 𝜁 to account for the effect of persistent El Niño cycle. 
Experimental Design and Simulations 
We conduct deterministic simulation runs for shading levels ranging from 5% to 95%  and 
a simulation run for a sun-grown farm10. Data collected over simulation runs are the net present 
 
 
8 Data derived from Jose Maria Cordova (latitude: 4.422; longitude: -75.133; elevation: 949.1) climate station 
9 Data derived from Perales (latitude: 6.165; longitude: -75.423; elevation: 2142.1) climate station 
10 We also construct a stochastic version of the model and conduct a set of 20 simulation runs with random seed for 
each shade level in the shade-grown coffee experiments and for the sun-grown experiment (Appendix A). The 
stochastic model accounts for the random spatial initialization of the CLR infection, the random spatial initialization 
of the shade trees, and the random spatial disease dispersal. 
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values (NPV). The optimal shade is the one that maximizes the NPV. The model is written in Java 
and simulated using the software AnyLogic™ (XJ Technologies). 
Results and Discussion 
We present results of the NPVs over increasing levels of shade cover for a sun-grown and 
a shade-grown coffee farm. Further, we discuss how moderate and high price premiums change 
the NPVs of shade-grown systems. First, we present a comparison of baseline model with and 
without CLR infection. Then, we present results regarding the impact of price premiums on 
baseline model. Next, we simulate the effect of climate change on NPVs of sun- and shade-grown 
systems. Finally, we compare the effect of climate change on farms in higher vs. lower-altitude 
coffee regions in Colombia. The baseline model considers historical climate (i.e., a uniform 
distribution around the mean of climatic variables) and no price premium with and without CLR 
infection. Next, baseline model considers the historic climatic data with no price premium in 
Antioquia and Tolima respectively to distinguish the impact of climate change within a coffee 
region. 
The Economics of Shade-induced Ecosystem Services with and Without CLR Infection 
In the presence of CLR infection, the net present values in the shade-grown system are 
higher than in the sun-grown system for shade levels below 38%. The optimal shade level is 23% 
(Fig.6). At the optimal shade level, the NPV of the shade-grown system is 12% greater than that 
of a sun-grown system. The ecosystem services of shade trees are complementary below the 
optimal shading level.  Beyond the optimum shading level, increased production costs and reduced 
coffee yield (according to 𝐸𝑞. (1𝑎)) outweigh the beneficial effects of disease regulation and 
timber production. Lower per-shrub yields beyond a specific threshold is due to the increased 
competition for sunlight, water, and nutrients between coffee shrubs and shade trees (Soto-Pinto 
et al, 2000). Increasing shade level to gain from one ecosystem service (i.e., disease regulation) 
must be simultaneously be accompanied with the tradeoffs imposed on the other ecosystem 




Figure 6. Effect of shading on coffee farm net present values (NPV) in a sun-grown (yellow line) and a shade-grown coffee system 
(blue curve), with infections. 
In contrast, in the absence of infection the optimal shade level is 24%, and the shade-grown 
coffee farm generates NPVs that are 44% lower than in a sun-grown system (Fig.7). This result 
indicates that the higher economic performance of the shade-grown system in Figure.7 is driven 
by disease regulation services, rather than crop growth services and timber production. In the 
absence of CLR infections, the maximum value of shade trees’ ecosystem services is not enough 
to compensate for the reduced coffee yields and greater production costs in a shade-grown system 




Figure 7. Effect of shading on coffee farm net present values (NPV) in a sun-grown (yellow line) and a shade-grown coffee system 
(blue curve), without infections. 
The Role of Price Premiums in Production System Decisions 
Price premium seeks to link environmental and economic goals to compensate the 
ecosystem services provided by shade-grown coffee systems. Shade-induced lower yields 
(Perfecto et al., 2005) and higher production costs (Gobbi, 2000) might be compensated for 
depending on the magnitude of price premiums. We modeled cases where farmers receive no 
premium, moderate, 8% or high, 16% premiums. 
When there is zero and moderate price premiums for shade-grown coffee, the optimal 
shade is 26%, compared to 25% in the case high price premium, respectively (Table.7). At the 
optimum shade level, the difference in NPVs between shade-grown and sun-grown systems are 
10% and 25% for the moderate, and high price premiums, respectively. These narrow margins 
indicate that the NPV improvement provided by a shade-grown system can critically depend on 
the presence of a positive net price premium. 
When a farmer receives a net price premium of $0.5/kg or 16%, the difference in NPVs 
between sun- and shade-grown coffee systems is $ 4,965/0.5 ha ($9,930/ha) over 25 years and 
represents a difference of 20%. Note that the optimal shade has decreases as we increase the price 
23 
 
premium to moderate and then to the high level. This suggests that certification agencies should 
not require shading levels that are too high, even when they pay farmers high premiums. 
Table 7. NPVs for shade cover levels and different price premiums (baseline model) 
Shade 
Cover (%) 
Without CLR infection With CLR infection 
Sun-Grown No premium Sun-Grown No premium Moderate premium High premium 
20  43,331a   23,992   20,590   20,286   22,715   25,166  
25  43,331   24,801   20,590   21,040   23,408   25,784  
30  43,331   24,267   20,590   20,615   22,994   25,266  
35  43,331   22,727   20,590   19,521   21,728   23,973  
40  43,331   20,571   20,590   17,953   20,035   22,113  
45  43,331   18,530   20,590   16,190   18,196   20,086  
50  43,331   16,221   20,590   14,639   16,438   18,350  
55  43,331   14,620   20,590   13,479   15,225   16,950  
60  43,331   13,494   20,590   12,647   14,301   15,854  
65  43,331   12,646   20,590   12,256   13,778   15,387  
70  43,331   12,372   20,590   12,136   13,695   15,216  
75  43,331   12,337   20,590   12,220   13,754   15,281  
80  43,331   12,487   20,590   12,431   13,962   15,496  
a 
Net present value (NPVs) (in 2018 USD, over 25 years)
 
The Case of climate change scenario  
The net present values in the shade-grown system are lower than in the sun-grown system 
(Fig.8). At the 25% shade level, the NPV of the shade-grown system is $21,477 with a standard 
deviation of 151 which is 6% less than that of a sun-grown. The ecosystem services of shade trees 
are complementary below the optimal shading level and, increased production costs and reduced 
coffee yield (according to 𝐸𝑞. (1𝑎)), however the impact of drier weather condition outweighs the 
beneficial effects of disease regulation services and timber production of shade system.  
The NPV of a sun-grown system increases by 10% under this climate change scenario. 
Similarly, the NPV of a shade-grown system increases by 4% at the optimum shade level. The six-
percentage point difference between sun-grown and shade-grown systems represents the 
ecosystem disservice brought by shading trees in the presence of CLR infection (Fig. 8). Although 
shading trees reduce temperature on plant level, the prominent shade induced humidity channel 
brings ecosystem disservice. In fact, comparing sun-grown systems regarding climate scenario 
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(Fig 8 – solid lines) asserts the positive impact of drier periods on disease management. 
Meanwhile, feasibility of agroforestry ties to presence of price premiums under long lasting 
drought periods since the NPVs at optimum shade level with moderate and high price premiums 
are 11% and 18% higher than sun-grown system under this climate change scenario.  
 
Figure 8. NPV comparison between climate change scenario and baseline in Antioquia 
Climate change increase coffee yield directly, by improving the weather condition of coffee 
farming on higher altitudes, and indirectly, by controlling CLR infection through longer dry 
periods. This positive impact of climate change outweighs higher CLR infection driven by 
increasing temperature under sun grown system. In contrast, the higher NPVs of shade grown 
systems are driven directly by yield booster effect (more suitable environmental condition for 
coffee farming) of climate change as well as lower CLR infection through net benefit of shade 
under climate change scenario. 
On lower altitude coffee regions, climate change increases sun grown NPV by 12%. The 
shade-grown system returns lower 11  NPV compared to sung-grown system under baseline 
scenario, while SGS sets NPV 11% less than sun-grown system under climate change scenario 
 
 
11 Shade grown system insignificantly increases ENPVs by 0.1% ($37) compared to sun grown system. 
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with no price premium. The moderate (8%) and high (16%) price premiums shift NPVs 1 and 8 
percentage points upward at the optimum shading level of 26%. 
 
Figure 9. NPV comparison between climate change scenario and baseline in Tolima 
The positive impact of current climate change scenario on sun grown system stems from 
increasing temperature, which sets canopy temperature further away from CLR comfort range, and 
longer dry periods. Evidently, the beneficial impact of climate change on coffee yield through CLR 
management outweighs the direct yield reduction effect of climate change scenario. 
Shade is detrimental to NPV since shade increases CLR damage by setting the temperature 
in proximity to CLR temperature comfort range given that the mean temperature in Tolima is 
higher than CLR comfort temperature (22-23 degrees). However, current climate change directly 
reduces coffee yield and neutralizes the detrimental impact of shading trees on lower altitude 
coffee regions. Thus, the NPVs of a shade grown system under climate change scenario is higher 
than baseline, but lower than sun grown systems under climate change scenario. Notably, NPVs 
start increasing beyond 65% shade cover on both regions. This is because the farm transitions to a 
timber farm beyond that level with decreasing profits from coffee and increasing profits from 
timber. 
Climate change impact on higher and lower altitude regions 
Comparing the NPVs on high and low elevations indicates that sun grown coffee farmers 
slightly (<1%) benefit more on lower elevations.  The optimal shade level 25% is one percentage 
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point less than optimum shade level under baseline scenario, and the NPV on higher altitude coffee 
regions (Antioquia) is 1% higher compared to lower altitude coffee regions (Tolima) with no price 
premium. Similarly, shade grown systems on higher elevations benefit more compared to coffee 
farms on lower plains from price premiums. Moderate (8%) and high (16%) price premiums shift 
NPVs upward which results in 4% and 1% increase, respectively while leaving the optimum shade 
level at 25%. 
 
 
Figure 10. NPV comparison between higher (Antioquia) and lower (Tolima) altitude regions under climate change scenario with 
different price premiums 
Sensitivity Analyses 
Crop growth parameters  
We investigate first the effect of yield reduction parameters. For lower yield reduction 
parameters (4%, 8%, 15% for low, moderate, and high infection intensities), the optimal shading 
level decreases to 21% while at higher yield reduction values (6%, 22%, 45% for low, moderate, 
and high infection intensities), the optimal shading level increases to 25%, causing a four-
percentage point difference between the upper and lower limits of the yield reduction parameters. 
Changes in yield reduction parameters can represent more/less damaging disease strains or 
more/less susceptible coffee cultivars.  
Second, we consider the crop growth ecosystem production function parameters. Parameter 
𝛽1 represents the increase in coffee yield provided by the shade tree through ecosystem services 
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such as an increased soil fertility and water availability. A lower value of 𝛽1decreases optimal 
shading level to 8% and, while the NPV decreases by 18% compared to a shading level of 23% 
for that parameter value. Notably, the NPV is 15% below the NPV of a sun-grown system. For a 
higher value of 𝛽1, optimal shading level increases to 33% and the NPV increases by 4% compared 
to baseline. A lower 𝛽1 value decreases the marginal benefit of shading thus decreasing the optimal 
level of shade, and vice versa. Parameter 𝛽2 represents diminishing returns to crop growth 
ecosystem services where 10% higher values reduce NPV and optimal shading level by 10.5% and 
17%, respectively (larger 𝛽2  decreases the marginal benefit of shading). Lower diminishing 
returns 𝛽2, increases optimal shading level to 34% and the NPV by 22.4%.  
Ecological production function parameters  
A higher value of the initial infection (9%) increases the optimal shading level by 1% and 
slightly (<0.5%) decreases NPV. In contrast, 1% and zero initial prevalence results 7% and 19% 
increase in the NPV compared to the baseline. Comparing the initial prevalence, optimum shade 
level (Fig 11 – blue line), and NPV (Fig 11 – orange line) suggest that as initial prevalence 
increases, marginal disease procurement of shading trees decreases and subsequently the optimum 
shade level decreases12. 
 
Figure 11. Comparison between higher initial prevalence, NPV, and Optimum shade level – Data points are values obtained from 
10 simulations runs 
 
 












































A higher value for temperature reduction parameter decreases optimal shading level to 24% 
while the NPV rises by 3% compared to the same shading level in the baseline scenario. This result 
indicates higher marginal disease control ecosystem service benefits of shade due to higher 
magnitudes of temperature reduction. For lower values of temperature reduction (1°C), optimal 
shading level remains 26% resulting in 1.2% decrease in the NPV. Theoretically, these results 
suggest that lower shade levels would be optimal either in warmer production regions or under a 
warmer climate change scenario. 
Figure 8. Sensitivity analysis parameters 
Parameter Optimal shading level (% shade trees) NPV ($1000/ha) 
Price premium (%)   
No premium 26 20.95 (304.55) 
8 26 23.39 (217.32) 
16 25 25.70 (278.43) 
Model sensitivity to ecological production function parameters. 
Initial infection (%)   
0 23 24.89 (513.49) 
1 29 22.30 (151.11) 
5 26 20.95 (304.55) 
9 27 20.85 (162.15) 
Temperature reduction parameter (°𝐶)   
1 26 20.69 (173.65) 
3 26 20.95 (304.55) 
5 24 21.50 (157.85) 
Yield reduction parameters (%)   
4,8,15 21 22.9 0(162.24) 
5,15,30 26 20.95 (304.55) 
6,22,45 25 18.20 (190.80) 
Crop growth linear parameter, 𝛽1   
0.0223 8 0.84 (102.24) 
0.0248 26 20.95 (304.55) 
0.0273 33 25.60 (166.19) 
Crop growth quadratic parameter, 𝛽2   
-0.02331 34 25.25 (160.18) 
-0.0259 26 20.95 (304.55) 
-0.02849 9 18.77 (181.09) 
Model sensitivity to economic parameters.   
Production costs ($/ha)   
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992 24 23.75 (151.79) 
1323 26 20.95 (304.55) 
1654 26 18.38 (198.10) 
Timber price ($/cubic inches)   
430 26 20.76 (274.27) 
537 26 20.95 (304.55) 
644 27 21.10 (227.78) 
Discount Rate (%)   
4 27 42.52 (247.88) 
10 26 20.95 (304.55) 
15 25 12.59 (92.52) 
 
We now evaluate the impact of each climatological parameter. Equations 5𝑐  and 6𝑎  
indicate that 𝐹𝑡(𝜁) changes in the same direction as 𝐻𝑡(𝜁). Changing the median wetness duration 
(𝜁) to one, ceteris paribus, results in lower infection probabilities and potentially higher NPVS. 
Next, we consider a value of one for the season-induced humidity factor (𝐷𝑤),which increases the 
infection probability and consequently decreases NPVs. Finally, we set the effect of shade-induced 
humidity factor (𝜔) to zero, which we expect to have a very small marginal effect on infection 
probability and NPVs (𝑇𝑎𝑏𝑙𝑒 8). 
Table 8. Sensitivity analysis on climatological parameters 
Parameter Description Value Unit Sensitivity range/value 
𝜁 Median of wetness duration 11 - 17 ℎ𝑜𝑢𝑟 1 
𝐷𝑤 season-induced humidity factor 20 – 50 % 1 
𝜔 shade-induced humidity factor 3.9±0.4 % 0 
 
Decreasing the median of wetness duration to 1 hour translates into extremely drier periods 
which slows down CLR infection drastically. The probability of transitioning from healthy to 
infected decreases, and NPV increases. On the other hand, decreasing 𝐷𝑤 increases the infection 
probability by creating more suitable infection conditions during the entire year. As the result, the 
infection probability increases and NPV decreases. Like previous channels, the shade-induced 
humidity factor (𝜔)  increases the NPVs by setting the infection probability to lower values. 
However, this effect is insignificant since the linear multiplication of 𝜔 results in a small marginal 




Figure 12. Leave-one-out sensitivity analysis on climatological parameters 
Economic parameters 
Our results follow the expected effect of increasing NPV for lower values of discount rate 
(4%) and vice versa for higher discount rate (9%) compared to the baseline. A higher discount rate 
decreased optimum shade level to 25% while a lower discount rate balances the weight of 
immediate plantation costs and the future ecosystem benefits of shade trees, thus the optimum 
shade level increased by one percent for lower discount rate. Also, we find that higher timber 
prices increased optimal shading level and NPV by 1% percentage point, while a 20% decrease in 
price of timber left shading level and NPV (<0.1% change) same as the baseline. 
The baseline shade-grown model includes on average $1.28, $0.12, $0.07 annual cost per 
tree associated with coffee production, shading tree plantation and maintenance, respectively. A 
25% increase in values of shade-grown production costs (1,654$/ha) leave the optimal shading 
level remaining at 26% and an 11.1% drop in the NPV. Notably, lower production costs (992 $/ha) 
lead to a 2% reduction in optimal shading and a 13.8% increase in the NPV. 
Finally, we consider a 20% increase in price of merchantable timber and find that it leads 
to a 1% increase in the optimum shade level. Lower timber prices do not change the optimum 
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shade level while NPV decreases insignificantly (<0.5%). Comparing the lower and upper bounds 
of timber price reveals that benefits driven by agroforestry heavily depends on the periodic 
ecosystem services provisions rather than end-of-horizon timber revenues. This is, however, 
related to our assumption that a farmer harvests timber at the end of the time horizon. 
Conclusion 
We model the economic-ecological dynamics of a representative coffee farm to study the 
ecosystem services on a shade-grown coffee farm affected by CLR dynamics under climate 
change. Our model captures the joint effect of shade, and effect of climate change on shrub-level 
microclimatic variables (temperature and humidity).  
We find that agroforestry generates significantly higher NPVs compared to sun-grown 
system under CLR infection. Transitioning from sun-grown to shade-grown systems substantially 
depends on the crop growth services provided by shade trees in an agroforestry system. Increasing 
shade level results in complementary or competitive impacts on NPVs through disease control, 
timber production, and crop growth services. Thus, adoption of shade-grown system is 
economically viable only for a specific economic and ecological parameter ranges.  
The regional environmental characteristics result in diverse climate change effect on coffee 
farms (gay, 2007, all refs in the chart). Climate change directly increase and decreases coffee yield 
on higher and lower altitude coffee regions (Ceballos, 2021), respectively and indirectly affects 
yield through CLR dynamics. In this regard, higher mean temperature results in larger adverse 
impact on NPVs in Tolima. However, the optimal shading levels declines under the climate change 
scenario regardless of coffee region altitude. We find that shade, without price premium incentive, 
sets NPVs below those of a sun-grown system, under a drier climate change scenario. Our study 
asserts the previous empirical studies of Avelino et al. (2019), Cerda et al., 2017; Liebig et al., 
2019; López-Bravo et al., 2012, stating that agroforestry requires complementary practices and 
policies (e.g., price premium, pruning, monitoring fruit load) to be economically feasible under 
modest future climate change scenario. We expect our result to be worse in a climate change 
scenario with an increased frequency of the wet season since higher level of humidity reinforce 
the adverse effect of longer wet season. 
The importance of shade-grown price premiums as a climate adaptation incentive is 
relevant beyond the climate change scenario. Even though our results recognize that the economic 
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feasibility of shade-grown system depends heavily on crop yield rather than price premium (Dietz 
et al., 2020; Schleifer & Sun, 2020; Willis, 2015), it is important to revisit the minimum shade 
coverage requirement and magnitude of price premium set by certifying agencies or to increase 
the premium paid to farmers. We identify the economically feasible range of shade cover by 
modeling the trade-off among ecosystem services produced by agroforestry through an ecological 
production function. Coffee farmers are worse off under maximum shade levels reported in table 
(1) in this study and 40% minimum shade cover required by Smithsonian Migratory Bird Center 
(Coffee and Conservation, 2016) compared to the optimum shading level in our study, unless 
farmers receive higher net price premium, compared to current 1% reported value (Rueda & 
Lambin, 2013). 
One limitation of our model is that it does not capture the direct effect of humidity channel 
of the drier climate on coffee yields. We consider the indirect effect of climate change on coffee 
yield through disease dynamics under sun and shade-grown systems. However, drier climate, or 
in general climate change, has possible direct impacts on coffee phenology and yields through 
humidity channel, which might be different under different coffee production systems (shade-
grown or sun-grown).  
In this model, we doubled the length of El Niño cycles to represent the climate change 
scenario. To further discuss the impact of alternative climate change scenarios, we plan to double 
the frequency of El Niño and La Niña occurrences, which have different ex-ante temperature and 
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Following results presents the stochastic realizations of 20 simulation runs with random 
seed for each shade level in the shade-grown coffee experiments and for the sun-grown 
experiment. The stochastic model accounts for the random spatial initialization of the CLR 
infection, the random spatial initialization of the shade trees, and the random spatial disease 
dispersal. Table A5 and Figure A1 present the expected NPVs over 20 simulation runs where the 
height of vertical bars presents the standard deviation of NPVs at each shading level. 




















grown with no 
infection ($) 
19 23,740.15 418.13 20,045.43 298.88 22,395.72 225.11 24,508.34 310.44 20,589.95 11.57 43,331.04 
20 24,053.96 453.39 20,440.33 119.78 22,802.17 218.12 24,892.08 269.27 20,589.95 11.57 43,331.04 
21 24,152.74 437.33 20,662.79 142.42 22,890.09 204.87 25,228.83 251.48 20,589.95 11.57 43,331.04 
22 24,600.84 489.80 20,838.84 115.57 22,878.65 323.21 25,412.67 116.12 20,589.95 11.57 43,331.04 
23 24,897.36 513.50 20,886.90 151.38 23,163.42 216.31 25,521.57 167.88 20,589.95 11.57 43,331.04 
24 24,711.75 419.36 20,862.39 152.59 23,183.05 356.76 25,680.78 170.21 20,589.95 11.57 43,331.04 
25 24,922.36 240.31 20,858.70 317.86 23,176.28 191.12 25,706.93 278.44 20,589.95 11.57 43,331.04 
26 24,977.13 398.71 20,955.47 304.56 23,394.00 217.32 25,653.90 155.44 20,589.95 11.57 43,331.04 
27 24,699.60 224.09 20,883.47 259.49 23,286.74 351.04 25,510.95 254.23 20,589.95 11.57 43,331.04 
28 24,877.65 224.01 20,740.02 504.02 23,281.12 123.27 25,651.10 97.75 20,589.95 11.57 43,331.04 
29 24,800.62 295.24 20,898.02 266.98 22,996.83 301.43 25,571.81 161.67 20,589.95 11.57 43,331.04 
30 24,050.03 394.44 20,513.62 167.31 22,778.78 279.66 25,301.69 260.43 20,589.95 11.57 43,331.04 
31 24,133.61 78.29 20,226.93 127.24 22,512.63 56.40 25,118.25 245.75 20,589.95 11.57 43,331.04 
32 23,719.66 109.92 20,053.71 343.72 22,591.34 286.36 24,745.65 181.97 20,589.95 11.57 43,331.04 
 
 















19 19,614.47 182.45 21,882.43 164.11 24,287.27 174.37 20,370.06 7.19 
20 19,921.77 171.14 22,156.55 207.18 24,582.48 216.91 20,370.06 7.19 
21 20,053.44 256.61 22,374.11 172.03 24,759.30 160.06 20,370.06 7.19 
22 20,249.41 200.34 22,528.16 167.33 25,004.79 259.13 20,370.06 7.19 
23 20,350.21 151.92 22,649.33 228.34 25,003.14 168.64 20,370.06 7.19 
24 20,377.13 152.17 22,720.85 196.46 25,113.14 280.39 20,370.06 7.19 
25 20,363.05 173.46 22,745.26 220.46 25,165.42 336.24 20,370.06 7.19 
26 20,406.48 247.38 22,800.52 227.72 25,182.88 173.22 20,370.06 7.19 
27 20,312.39 178.75 22,695.30 211.67 25,074.90 220.58 20,370.06 7.19 
28 20,298.68 204.41 22,672.72 189.07 24,939.79 242.46 20,370.06 7.19 
29 20,111.70 188.57 22,483.06 176.04 24,733.79 177.99 20,370.06 7.19 
30 19,997.53 200.27 22,364.88 298.17 24,487.16 270.46 20,370.06 7.19 
31 19,854.14 240.04 22,100.26 307.81 24,354.98 267.55 20,370.06 7.19 
32 19,554.49 231.53 21,849.93 267.22 24,134.30 216.62 20,370.06 7.19 
 
 















19 20,539.03 247.56 22,981.92 186.74 25,448.14 302.59 22,634.48 21.12 
20 20,729.05 252.19 23,301.32 179.03 25,588.68 180.73 22,634.48 21.12 
21 20,965.16 207.34 23,493.29 260.24 25,885.07 212.47 22,634.48 21.12 
22 21,198.53 211.65 23,568.26 290.28 26,138.06 168.55 22,634.48 21.12 
23 21,282.18 225.31 23,736.33 187.34 26,278.08 260.99 22,634.48 21.12 
24 21,316.10 189.39 23,781.60 237.77 26,272.34 268.97 22,634.48 21.12 
25 21,477.24 171.94 23,897.17 262.56 26,320.75 264.64 22,634.48 21.12 
26 21,390.15 226.96 23,843.52 271.20 26,285.56 236.12 22,634.48 21.12 
27 21,407.33 163.35 23,772.29 179.33 26,145.52 241.39 22,634.48 21.12 
42 
 
28 21,293.31 227.91 23,790.29 243.86 25,961.68 338.57 22,634.48 21.12 
29 21,139.10 248.64 23,534.27 231.91 26,024.70 214.33 22,634.48 21.12 
30 20,892.48 269.97 23,427.02 204.81 25,750.66 265.65 22,634.48 21.12 
31 20,715.07 235.72 23,127.61 247.76 25,595.22 244.09 22,634.48 21.12 
32 20,590.42 294.67 22,925.33 228.96 25,380.28 331.06 22,634.48 21.12 
 
 















19 20,462.05 230.51 22,236.76 284.48 25,269.86 260.06 22,819.25 45.73 
20 20,806.85 240.37 22,596.24 211.06 25,526.78 264.02 22,819.25 45.73 
21 20,935.32 228.41 22,756.50 201.42 25,965.96 249.27 22,819.25 45.73 
22 21,135.71 180.27 22,826.40 223.80 25,942.74 274.18 22,819.25 45.73 
23 21,194.59 223.18 23,119.30 265.28 26,124.61 292.33 22,819.25 45.73 
24 21,236.83 279.23 23,087.61 231.08 26,128.36 368.70 22,819.25 45.73 
25 21,282.55 251.92 23,018.12 240.16 26,170.36 292.13 22,819.25 45.73 
26 21,307.75 191.81 23,140.47 211.04 26,173.30 268.24 22,819.25 45.73 
27 21,315.84 320.59 22,987.30 202.13 26,094.69 234.58 22,819.25 45.73 
28 21,144.11 289.67 23,016.49 310.59 25,978.37 296.19 22,819.25 45.73 
29 20,945.91 212.91 22,802.81 226.95 25,856.66 293.42 22,819.25 45.73 
30 20,940.65 171.14 22,485.58 273.59 25,538.41 255.87 22,819.25 45.73 
31 20,503.01 244.12 22,540.00 252.63 25,439.04 301.91 22,819.25 45.73 
32 20,374.02 310.13 22,092.20 254.94 25,007.98 248.11 22,819.25 45.73 
 
 
Table A5. The results of model without any stochasticity in parameters 
Shade Cover 
(%) 
Without CLR infection  With CLR infection  
Sun-Grown No premium Sun-Grown No premium Moderate premium High premium 
20 43329.73 23862.6 19928.02 18442.69 20692.81 22876.57 
25 43329.73 24826.46 19928.02 19259.92 21741.63 23899.03 
30 43329.73 24426.96 19928.02 19258.86 21716.86 23994.46 
35 43329.73 22954.1 19928.02 18543.87 20656.81 22973.48 
40 43329.73 20809.83 19928.02 17387.45 19430.69 21418.12 
45 43329.73 18502.96 19928.02 15837.98 17763.72 19891.63 
50 43329.73 16336.86 19928.02 14451.85 16295.99 18138.94 
55 43329.73 14652.3 19928.02 13287.35 14847.07 16826.11 
60 43329.73 13400.21 19928.02 12476.23 14122.49 15715.01 
65 43329.73 12665.82 19928.02 12043.49 13594.04 15190.49 
70 43329.73 12357.17 19928.02 11903.32 13441.05 14952.66 
75 43329.73 12333.73 19928.02 12007.07 13492.46 15018.89 






Figure A1. The results of model without any stochasticity in parameters 
 
 
